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Abstract Many water resource systems have been designed assuming that the statistical characteristics
of future inﬂows are similar to those of the historical record. This assumption is no longer valid due to
large-scale changes in the global climate, potentially causing declines in water resource system
performance, or even complete system failure. Upgrading system infrastructure to cope with climate
change can require substantial ﬁnancial outlay, so it might be preferable to optimize existing system
performance when possible. This paper builds on decision scaling theory by proposing a bottom-up
approach to designing optimal feedback control policies for a water system exposed to a changing climate.
This approach not only describes optimal operational policies for a range of potential climatic changes but
also enables an assessment of a system’s upper limit of its operational adaptive capacity, beyond which
upgrades to infrastructure become unavoidable. The approach is illustrated using the Lake Como system in
Northern Italy—a regulated system with a complex relationship between climate and system performance.
By optimizing system operation under different hydrometeorological states, it is shown that the system can
continue to meet its minimum performance requirements for more than three times as many states as it
can under current operations. Importantly, a single management policy, no matter how robust, cannot fully
utilize existing infrastructure as effectively as an ensemble of ﬂexible management policies that are updated
as the climate changes.
1. Introduction
Water resource infrastructure, including reservoirs, levees, and river regulators, are assets requiring a signiﬁ-
cant ﬁnancial outlay, with annual global investments in such infrastructure exceeding US $500 billion [Ash-
ley, 2006]. Most of this infrastructure has been designed on the assumption that the statistical
characteristics of future inﬂows are equivalent to those of the historical data. This assumption of a stationary
climate is unlikely to be valid in the future, due to climatic changes that will affect most aspects of the
hydrological cycle [Milly et al., 2008; IPCC, 2013]. As a result, many water resource systems are expected to
become increasingly vulnerable and experience degraded performance, as the climate approaches the limit
of what was originally accounted for by design safety factors [Risbey, 2011; Paton et al., 2013; IPCC, 2014].
However, the economic and environmental cost of upgrading infrastructure to counteract this is likely to be
high [Paton et al., 2014; Beh et al., 2015a, 2015b]. This provides impetus to focus on identifying operational
strategies that maximize system performance under a changing climate, thus enabling the best use to be
made of existing infrastructure [Gleick, 2003; Giuliani et al., 2016].
Traditionally, top-down approaches have been used as the basis for developing adaptation strategies, by
describing the performance of water resource systems under a discrete set of global climate projections. Projec-
tions are acquired using general circulation models (GCMs) [Arnell et al., 2004; Brekke et al., 2009; Vano et al.,
2010; Wilby and Dessai, 2010; Anghileri et al., 2011; Giuliani and Castelletti, 2016], the outputs of which are fed
into an integrated water resource system model to determine the system’s performance with respect to each
projection. The system’s performance can be classiﬁed as ‘‘acceptable’’ or ‘‘unacceptable’’ for each projection,
and the potential beneﬁts of alternative adaptation strategies can be explored [Prudhomme et al., 2010]. Due to
the discrete nature of these projections, such top-down approaches are generally not suitable for identifying
Key Points:
 A bottom-up approach to climate
change impact assessment using
formal optimization techniques
 Identiﬁes maximum operational
adaptive capacity of water resource
systems by adapting management
policies
 Suitable for adapting system
operation when the number of





Culley, S., S. Noble, A. Yates, M. Timbs,
S. Westra, H. R. Maier, M. Giuliani, and
A. Castelletti (2016), A bottom-up
approach to identifying the maximum
operational adaptive capacity of water
resource systems to a changing
climate, Water Resour. Res., 52,
doi:10.1002/2015WR018253.
Received 16 OCT 2015
Accepted 12 AUG 2016
Accepted article online 18 AUG 2016
VC 2016. American Geophysical Union.
All Rights Reserved.
CULLEY ET AL. IDENTIFYING THE MAXIMUM OPERATIONAL ADAPTIVE CAPACITY 1
Water Resources Research
PUBLICATIONS
thresholds of performance with respect to changes in climate exposure, as it may be difﬁcult to identify the
exact degree of climate change at which system performance changes from acceptable to unacceptable.
Bottom-up approaches are an alternative to the top-down procedure described above, and have been
designed to identify performance thresholds independently from climate models’ projections. To imple-
ment a bottom-up approach, climate exposures are generated for a range of plausible changes in climate,
including those beyond the bounds projected by GCMs, and system response is assessed against each cli-
mate exposure [Lempert et al., 2004; Prudhomme et al., 2010; Brown et al., 2012; Brown and Wilby, 2012;
Weaver et al., 2013]. This enables a more thorough understanding of how a system responds to changes in
climate variables, for example, by identifying the changes in climate exposure that can cause unsatisfactory
degradation in system performance, or thresholds for system failure [Whateley et al., 2014; Steinschneider
et al., 2015]. Thus, the purpose of the bottom-up approach is to identify the exposures under which a partic-
ular system performs satisfactorily, rather than to assess system performance under GCM-based climate
change projections [Lempert and Collins, 2007].
For climate exposures that are associated with degraded performance or system failure, an alternative man-
agement strategy—one better suited to the new climate exposure—may improve performance or avoid
failure. Approaches that focus on the identiﬁcation of system performance thresholds at which a particular
course of action becomes preferable to another have been successfully used in many areas of water resour-
ces management [Hyde and Maier, 2006; Ravalico et al., 2010; Herman et al., 2014; Guillaume et al., 2016]. An
example in the climate impact assessment arena is ‘‘decision scaling’’ [Brown et al., 2012], where a scenario
neutral climate space is divided into regions for which different discrete decisions would be preferable, thus
allowing the articulation of preferred adaptation options in response to speciﬁc changes in climate. This is a
convenient approach as it (i) provides an understanding of system vulnerability, (ii) identiﬁes decision
thresholds that can be compared easily with climate predictions, and (iii) demonstrates whether a particular
decision can achieve acceptable performance under given climate conditions [Turner et al., 2014; Poff et al.,
2015]. In the early work on decision scaling, the approach was used to determine regions of future climate,
referred to as ‘‘climate states,’’ for which one infrastructure decision is preferable over another [Brown et al.,
2012; Herman et al., 2015]. However, recently decision scaling has also been used for operational problems,
identifying the changes in hydrometeorological variables required before an operational plan is no longer
successful [Whateley et al., 2014; Steinschneider et al., 2015]. While Steinschneider et al. [2015] used this
approach to test the robustness of different management alternatives, Whateley et al. [2014] examined the
robustness of a physical system, by identifying management strategies as an optimal response to address-
ing the impact of future climates.
The approach presented in this paper builds on the above work by introducing a formal optimization
formulation that identiﬁes the operational strategy, formulated as a closed loop control policy, which
performs best for a particular climate exposure. Here ‘‘climate exposure’’ is expressed as a combination
of hydrometeorological variables scaled from current climate. Traditional reservoir operations are gener-
ally deﬁned as rule curves, which are not able to adapt when the system deviates from the hydrological
conditions used in the design of the rule [Loucks and Sigvaldason, 1981]. Instead of static rule curves, the
formulation of the system operation as a feedback control policy enhances the robustness and adaptive
capacity of the system, as the operational decisions are informed by the feedback loop depending on
the current state of the system. As this process is repeated for all combinations of hydrometeorological
variables considered, the optimal solutions (decisions) for all exposures that are of interest are identiﬁed.
Consequently, the proposed approach is also able to ﬁnd the theoretical upper limit for adaptation of a
water resource system by identifying optimal management policies with respect to all climate exposures
of interest. We call this limit the maximum operational adaptive capacity of the system. Beyond this lim-
it, infrastructure upgrades would be required to adapt to further changes in climate. Therefore, knowl-
edge of this failure boundary provides operators with the full extent of climate change that their system
could withstand, thereby potentially avoiding unnecessary or premature infrastructure upgrades and
reducing the vulnerability of the system [Mastrandrea et al., 2010]. A better understanding of the maxi-
mum operational adaptive capacity and of the associated failure boundary can be embedded in existing
methods of sequential decision making [Haasnoot et al., 2013; Beh et al., 2015b; Kwakkel et al., 2016;
Maier et al., 2016] to determine when adaptation options through changes in management are no lon-
ger available.
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The proposed approach is presented in the following section and then demonstrated in section 3, where it
is applied to a case study on Lake Como, a regulated lake in Northern Italy where the lake operator has to
balance water supply and ﬂood control. The results of this case study are presented in section 4, followed
by a discussion of the utility of identifying an upper limit to adaptation in section 5. Conclusions are pre-
sented in section 6.
2. Proposed Approach
The proposed approach ﬁrst requires the identiﬁcation of an exposure space (H), which is deﬁned as the
set of ‘‘hydrometeorological states’’ that a system may confront in the future. The performance of the water
resource system is then assessed under both historical and alternative operating policies optimized for each
climate exposure, with the latter used to identify a theoretical upper limit of the system’s adaptive capacity.
Finally, climate change projections can be superimposed on the exposure space, to understand the plausi-
bility of failure thresholds being reached given the current understanding of climate change. Each of these
steps is summarized in Figure 1 and elaborated upon in the following subsections.
2.1. Generate an Exposure Space
The exposure space (H) is obtained by making incremental changes to attributes (e.g., mean, 7 day maxi-
mum, etc.) of hydrological variables such as temperature and precipitation. This leads to an n-dimensional
exposure space H5 [h1. . .hn] made up of the selected attributes of all the variables considered, which
should represent the variables and attributes to which a system’s performance is most sensitive [Mastran-
drea et al., 2010].
Once the axes of the exposure space have been selected, it is necessary to sample across the exposure
space by developing perturbed time series of the relevant climatic variables. This has generally been
achieved using a simple scaling of historical data [Prudhomme et al., 2010], although more sophisticated
techniques, such as the use of stochastic weather generators, can also be used [Steinschneider and Brown,
2013; Guo et al., 2016].
It should be noted that the accuracy of the maximum operational adaptive capacity boundary will depend
on the resolution of the generated states. However, increased resolution must be balanced against the com-
putational effort required in subsequent steps of the methodology, as separate model (Step 2) and optimi-
zation (Step 3) runs are required for each generated hydrometeorological state.
Figure 1. Outline of proposed approach for identifying the maximum operational adaptive capacity of a water resource system, demonstrated for two attributes (i.e., H5 [h1, h2]).
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2.2. Assess Current System Performance
To identify the system’s maximum operational adaptive capacity, it is necessary to ﬁrst determine the
robustness of the system, assuming that the system’s operations remain unchanged. This is achieved by
simulating system performance for each point of the exposure space using current operating policy. Consid-
ering all system objectives, the hydrometeorological states under which system performance is acceptable
and the states under which this is not the case are distinguished on the exposure space. Subspaces of ‘‘fail-
ure’’ and ‘‘success’’ are thus formed, with the success subspace (denoted Sf) given as
Sf 5 fðh1    hnÞ 2 Rn : Mðh1    hn; pÞ < fg; (1)
where h1. . .hn are the selected attributes of the exposure space, p is the operating policy, and M(h1. . .hn, p)
is the integrated water system model that maps each point on the exposure space into system performance
for a given policy p. System performance is represented by a set of failure criteria for each objective, with
f representing the threshold of acceptable values. A simple approach for ﬁnding the full failure boundary
when considering multiple objectives is a binary classiﬁcation system, where ‘‘failure’’ is assigned at each
state if any failure criterion value exceeds a threshold, and ‘‘success’’ is assigned if all failure criteria do not
exceed the failure threshold. However, which measure of overall system failure is most appropriate is case
study dependent.
2.3. Assess Optimized System Performance
This step involves using formal optimization techniques to determine the management strategy that maxi-
mizes system performance for each hydrometeorological state in the exposure space. By optimizing the
operating policy, p, against each point in the exposure space, it becomes possible to delineate a boundary
between ‘‘success’’ and ‘‘failure’’ given the optimized policy. This boundary is deﬁned as the system’s maxi-
mum operational adaptive capacity. The optimization formulation for achieving this is given by
argmin pJ5Mðh1    hn; pÞ; (2)
where the feedback control policy p that minimizes the one or more failure criteria J (with thresholds f) for
that hydrometeorological state is identiﬁed. Equation (1) can be used to map the postoptimization failure
boundary, where p is now an optimized policy speciﬁc for each hydrometeorological state. Once the states
under which system performance is satisfactory under optimized operational regimes have been identiﬁed,
the maximum operational adaptive capacity can be measured as the ratio of the number of states under
which system performance is satisfactory postoptimization to the number of states under which system






where C is the maximum operational adaptive capacity. In practice this operation is undertaken over a dis-
crete exposure space, where each axis of the exposure space hi is uniformly sampled between a set of plau-
sible bounds for that attribute.
The process of determining adaptation options by optimizing the operating policy for each point in the
exposure space, which capitalizes on the ﬂexibility of operational decisions compared to longer-term and
potentially more expensive structural upgrades, is the differentiating characteristic of this approach. Fur-
thermore, this approach provides a look-up table for optimal management strategies, given certain hydro-
meteorological conditions. This potentially allows adaptation to climate change through adaptive
management, up to the point where the physical limitations of the system infrastructure prevent successful
performance, even under optimal management. While the above optimization problem can be solved using
a range of approaches, the use of evolutionary algorithms (EAs) is attractive in this setting, as they can be
easily linked with existing simulation models of the water resources system of interest [Kingston et al., 2008;
Giuliani et al., 2014a; Maier et al., 2014; Giuliani et al., 2015; Maier et al., 2015; Salazar et al., 2016].
2.4. Superimpose Projections Onto the Exposure Space
The possibility of the failure boundaries being reached under both current and optimal system operations
is assessed by considering climate projections for the region in which the system is located. Although cli-
mate model projections are highly uncertain, mapping the projections onto the exposure space may enable
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patterns, disparities or similarities to be identiﬁed and compared to the optimal failure thresholds. This can
provide consensus or otherwise about the possibility of the climate reaching a state that causes system fail-
ure, time frames for reaching failure, the value of adapting management policies, and the potential timing
of these policies.
3. Application
3.1. Case Study Description
This section describes the implementation of the proposed approach for a real-world case study based on
Lake Como. It should be noted that while the case study provides a reasonably realistic representation of
the Lake Como system, a number of simpliﬁcations have been made as the primary purpose is to illustrate
the proposed approach, rather than to identify optimal management approaches for the actual Lake Como
system.
Lake Como, a regulated lake located in Northern Italy (Figure 2) with an active storage capacity of 254 Mm3,
was selected as the illustrative case study as it is a signiﬁcant system that is situated in a region with com-
plex hydrological relationships, and because it has a variety of stakeholders with conﬂicting objectives. Due
to the subalpine location of the system, inﬂows into the lake are largely derived from snowmelt, with very
short travel times associated with the steep terrain. Lake Como has been regulated since 1946 to provide a
more reliable water supply to downstream users, particularly to support irrigation in ﬁve agricultural dis-
tricts, which collectively represent one of the largest irrigated regions in Europe. Major crops in the irrigated
regions downstream of the reservoir are cereals, especially maize, along with temporary grasslands for live-
stock. Irrigation is practiced with the border method or free-surface ﬂooding.
The lake is regulated on an annual cycle, typically storing the large snowmelt inﬂows in spring, drawing
down to provide irrigation supply during summer, and then receiving inﬂows as a result of heavy rain in
autumn. However, preventing ﬂoods along the lake shores, particularly in Como city, limits the storage
capacity of the reservoir and introduces a clear conﬂict between ﬂood control and irrigation supply [Castel-
letti et al., 2010].
The model of the Lake Como system is made up of three main components: the upstream catchment, the
reservoir dynamics, and the reservoir discharge into the Adda River, which serves the irrigation districts
in the downstream part of the system. In this study, the upstream catchment is represented by a lumped
Figure 2. Map of Lake Como system.
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HBV model [Bergstr€om and Singh,
1995], which simulates the soil
water balance and subsequent run-
off produced by rainfall, snowmelt,
and evapotranspiration. The reser-
voir dynamics is described by a
mass balance equation assuming a
modeling and decision-making
time step of 24 h,
st115st1qt112rt11; (4)
where st is the lake storage [m
3] at
time t, and qt11 and rt11 are the
net inﬂow and release volumes in
the time interval [t, t 1 1), respec-
tively. In particular, the regulated
release, which depends on the
daily release decision ut, is deﬁned
as rt115 R(st, ut, qt11), where the
function R() takes into account the
legal and physical constraints on
the lake level and release, includ-
ing spills when the level exceeds the maximum capacity [Soncini Sessa, 2007]. The Adda River is described by a
plug-ﬂow model at a daily time step, which simulates the routing of the lake releases from the lake outlet to the
intake of the irrigation canals.
The regulation of Lake Como is driven by two primary objectives: ﬂood control and downstream irrigation
supply, subject to a minimum environmental ﬂow constraint on the lake releases to ensure adequate eco-
logical conditions in the Adda River. The ﬂood objective is formulated as the daily average ﬂooded surface
in Como [m2], which is a function of the lake level averaged over the simulation horizon. The irrigation
objective is formulated as the quadratic daily average water deﬁcit [kL2] with respect to the daily water
demand of the downstream system. This quadratic formulation penalizes severe deﬁcits in a single time
step, while allowing for more frequent, small shortages [Hashimoto et al., 1982].
For this study, the system is considered to fail if its operations result in the exceedance of a daily average
ﬂooded area of 100 m2 and/or a daily average squared water deﬁcit value of 400 kL2. These failure criteria
are deﬁned as slightly higher than current failure levels (which are 79 m2 and 359 kL2, respectively), based
on the assumption that the system is currently efﬁciently operated and some small degradation in perfor-
mance is allowed.
Time series of daily mean areal precipitation, daily maximum and minimum temperature, and lake inﬂows
were available over the historical period 1965–1980. In addition, projected time series of the same variables
were obtained by applying a statistical downscaling method based on quantile mapping [Boe et al., 2007;
Deque, 2007] over 22 different scenarios of climate change, comprising seven general circulation models
(GCMs), six regional climate models (RCMs) and three representative concentration pathways (RCPs) (see
Table 1). These projections come from the EURO CORDEX project [see Jacob et al., 2014].
3.2. Generating the Climate Exposure Space
The exposure space was generated by systematically perturbing the time series for the chosen attributes of
the two hydrometeorological input variables of the hydrological model. These two attributes are the annual
average precipitation depth and annual average temperature, and they form the axes of the exposure
space, with each grid point in the space representing a unique hydrometeorological state. Perturbations
were made uniformly across a year, as opposed to changing extremes or seasonality, because the failure cri-
teria are also deﬁned in terms of annual averages of system performance.
Precipitation was perturbed as a percentage change to daily wet days (>1 mm rainfall), from 90 to 130% of
current values. This leads to an equivalent change in total annual precipitation volume. Average
Table 1. GCM-RCM Combinations of Climate Models
Model
Reference # GCM RCM RCP
1 CM5 (CNRM CERFACS) CCLM4 (CLMcom) 4.5
2 CM5 (CNRM CERFACS) CCLM4 (CLMcom) 8.5
3 CM5 (CNRM CERFACS) RCA4 4.5
4 CM5 (CNRM CERFACS) RCA4 8.5
5 EARTH (ICEC) CCLM4 (CLMcom) 4.5
6 EARTH (ICEC) CCLM4 (CLMcom) 8.5
7 EARTH (ICEC) HIRHAM5 (DMI) 4.5
8 EARTH (ICEC) HIRHAM5 (DMI) 8.5
9 EARTH (ICEC) RACMO22E (KNMI) 4.5
10 EARTH (ICEC) RACMO22E (KNMI) 8.5
11 EARTH (ICEC) RCA4 2.6
12 EARTH (ICEC) RCA4 4.5
13 EARTH (ICEC) RCA4 8.5
14 ESM LR (MPI) REMO 2009 (MPI) 4.5
15 CanESM2 (CCCma) RCA4 4.5
16 CanESM2 (CCCma) RCA4 8.5
17 MIROC RCA4 4.5
18 MIROC RCA4 8.5
19 NCC RCA4 4.5
20 NCC RCA4 8.5
21 NOAA RCA4 4.5
22 NOAA RCA4 8.5
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temperature was perturbed additively for each daily time step, from 25 to 158C of current values. These
perturbation ranges were selected to ensure climate projections for 2025 would be contained within the
bounds of the exposure space. Furthermore, although the upper bound for the temperature change is sub-
stantially higher than would be expected based on the current generation of climate change projections,
this value was selected through an iterative process to show a limit of the system’s operational adaptive
capacity with respect to increases in temperature (discussed further in section 4.2 below). With a step size
of 18C for average annual temperature and 1% for precipitation volume change, this corresponds to 861
unique hydrometeorological states. These perturbations were used by the HBV hydrological model to gen-
erate the reservoir inﬂow time series, enabling these inﬂows to be input into the reservoir dynamic model.
3.3. Assessing Current System Performance
The reservoir model for Lake Como, described in section 3.1, was used to estimate the system’s perfor-
mance for each of the 861 inﬂow states that correspond to the generated hydrometeorological states. Each
simulation results in the generation of the performance values for the two criteria—ﬂood and irrigation—
under a modeled operating policy representing the historical lake regulation. Failure was considered to
occur when at least one failure criterion was exceeded. The resulting performance was mapped onto the
exposure space by assigning a success or failure outcome to each state.
Modeling the historical regulation of Lake Como requires the mathematical formulation of the operating
policy adopted by the lake operator (p in equation (2)), which provides the release decision ut, at each time
step t, as a function of the lake level ht. In general, we can assume that the policy p is a periodic sequence,
with period one year, of operating rules of the form ut5mc(t, ht,c), where c is a vector of unknown parame-
ters [Castelletti et al., 2008]. For a preassigned family of functions mc(t,ht,c), the values of c can be deter-
mined via regression as those that minimize the distance metric between historical and modeled releases
[Guariso et al., 1986; Corani et al., 2009; ICSC, 2009].
In the case of the Lake Como case study, historical releases are known, but there are no ofﬁcial operating
rules, as the dam is operated within a legal regulation range based on operator experience. To model the
lake’s historical operation, we assume that the lake operator is a rational agent who, according to our model
formulation, is balancing ﬂood control and irrigation supply following a parameterized operating policy
depending on time and lake level. Optimizing the policy parameters, c, with respect to this objective func-
tion yields a management policy that implicitly captures the actual decisions of the lake operator [Giuliani
et al., 2014a]. The optimization tool used is as described in section 3.4.
To estimate the historical policy, we parameterize the operating rules mc(t,ht,c) by Gaussian radial basis
functions (RBFs) to approximate the multi-input, single-output nature of the Lake Como operating policy.
RBF-based policy parameterization has been demonstrated to outperform other nonlinear approximating
networks (e.g., traditional artiﬁcial neural networks) in their representation of operating policies [Giuliani
et al., 2014b]. The parameterized RBF policy requires the estimation of 28 parameters (the vector c) repre-
senting the centers and radii of the Gaussian functions and the weights used in the convex combinations of
their values [see Busoniu et al., 2011]. Using the evolutionary multiobjective direct policy search [Giuliani
et al., 2015], a set of Pareto-optimal RBF policies is designed. Among this set, the solution characterized by
the closest performance to the historical operating policies in the two considered objectives is selected. The
results over the 16 year modeled period closely approximate those of the historical period (Table 2). Only
two objective functions were used to select the solution, as the Lake Como case study considered in this
paper for illustration purposes is a simpliﬁcation of the real system, where other objectives (i.e., environ-
mental interests) are considered in the historical regulation, and so the trajectories of the policy used in this
study and the historical one are not directly comparable. However, for the purposes of illustrating the pro-
posed approach, a solution that provides similar performance for the two main competing objectives
(shown in Table 2) is suitable.
3.4. Assessing Optimized
System Performance
The performance of any reservoir
system is dictated by the day-to-
day release decisions of the reser-
voir operator. The same RBF policy
Table 2. Summary of Modeled System Behavior
System Objectives Magnitude
Floods Observed Flooded area5 79.0 m2
Modeled Flooded area5 77.2 m2
Irrigation Observed Irrigation deﬁcit5 359 kL2
Modeled Irrigation deﬁcit5 352 kL2
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structure used for reproducing the historical regulation is used for assessing the optimized system perfor-
mance obtained by solving the problem formulated in equation (2), where the 28 parameters of the RBF poli-
cy are the decision variables to be optimized. These decision variables are subjected to the following
constraints: the radii of the Gaussian functions range from 0 to 1, the center coordinate of each function has
the range 21 to 1, and the weighted combinations are non-negative and sum to 1 [Busoniu et al., 2011]. A
genetic algorithm (GA) was linked with the system model in order to optimize system performance, as evolu-
tionary algorithms have been shown to perform well for the optimization of reservoir operation [Giuliani et al.,
2015; Li et al., 2015; Tsoukalas and Makropoulos, 2015; Yang et al., 2015].






where rf is the ﬂood reliability function (the ratio of the days without a ﬂood event to the length of the sim-
ulation horizon), rs is the irrigation reliability function (the ratio of available supply to the demand averaged
across all time steps, with ratio values capped at 1), and PF is the penalty function used. Reliability functions
were found to be more effective than simply considering the magnitudes of ﬂood and irrigation deﬁcit that
make up the failure criteria, as they provide additional emphasis on the timing of releases during optimiza-
tion. The multiobjective problem was reformulated into a single objective function, to allow automation of
the optimization of the 861 hydrometeorological states considered, as no decision about optimal trade-off
selection needed to be made.
The failure criteria were used in a penalty function, PF in equation (5), to control the magnitude of ﬂood or
drought events in the ﬁnal solution. If the average ﬂood inundation for a day was more than 100 m2, then
the solution was penalized regardless of the corresponding storage reliability. Similarly, if the average
squared irrigation deﬁcit exceeded 400 kL2, the solution was penalized regardless of volumetric reliability
performance. Each violation of the constraints resulted in the ﬁtness of that evaluation increasing by a fac-
tor of 5. This ensures that the optimal solutions found by the GA maximize system reliability for each hydro-
meteorological state while achieving ‘‘successful’’ overall performance.
System performance resulting from the optimal operating policies for each of the 861 states was mapped
onto the exposure space using the process outlined in section 3.3, distinguishing regions of success under
current management, hydrometeorological states that can experience successful performance under opti-
mal management, and regions of the exposure space that result in failure even under optimal
management.
3.5. Compare Failure Boundaries to Climate Projections
To understand the plausibility of the scenario-neutral failure boundaries in the exposure space being
reached, climate projections for the system were mapped onto the exposure space. This was done for four
time slices: 2025, 2050, 2075, and 2100. The hydrometeorological states were estimated using 11 year win-
dows centered on each time slice (i.e., 5 years either side of a year selected for consideration). The values
were calculated for each time slice for the 22 GCM-RCM combinations.
4. Results
4.1. Current System Performance Thresholds
Figure 3 shows the performance of the current system operations for each hydrometeorological state with
respect to two criteria: the ﬂood objective and the irrigation objective. The failure boundary of the Lake
Como case study under current management indicates that the lake can continue to maintain adequate
performance for signiﬁcant increases in total precipitation and temperature—but only if the increases occur
for both variables simultaneously (blue points in Figure 3).
Focusing initially on changes in precipitation, the irrigation supply failure (orange points) is primarily driven
by decreases in precipitation, as would be expected due to the reduced inﬂow that results under such expo-
sures. In contrast, ﬂood failure (red points) mostly occurs with an increase in precipitation volume (without
a simultaneous increase in temperature), due to the augmented peak ﬂow that results from larger rainfall
events.
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The relationship between per-
formance and temperature is
more complicated, as inﬂow
dynamics are largely driven by
snowmelt, which is triggered by
temperature in the HBV model.
As temperature increases up to
48C, less precipitation is held as
snow, reducing the magnitude
of the snowmelt inﬂow. Addi-
tionally, the inﬂow from snow-
melt will occur earlier in the
year, no longer coinciding with
the peak rainfall (historically
occurring in late spring/early
summer). At the point of about
a 48C increase, the largest daily
inﬂows are now due to rainfall,
rather than snowmelt. Tempera-
ture increases beyond this point
have no further impact on the
timing of peak inﬂows (as the
perturbation method for histori-
cal rainfall alters only the magnitude, not the seasonality), but can still cause a reduction in the magnitude
of peak inﬂow due to increased evaporation and reduced snowmelt.
The historical operation can accommodate temperature increases up to 48C, without failure in either objec-
tive (assuming no change in rainfall). The ﬂood objective is met under these conditions because of the off-
set of peak snowmelt inﬂow from peak rainfall inﬂow, and the reduction in snowmelt magnitude, both of
which reduce the overall peak from what the historical policy is designed for. The irrigation objective is also
satisﬁed because the earlier snowmelt inﬂow occurs at a time in the year when the historical policy is releas-
ing less each day, so the reduction in peak inﬂow volume is offset by the extra inﬂow stored. For tempera-
ture increases beyond about 48C, evaporation in the catchment further reduces inﬂows, and for both
competing objectives to be satisﬁed, this loss in inﬂow needs to be offset with increases in precipitation.
Interestingly, the system is far more sensitive to decreases in annual average temperature. Decreases of
about 38C from historical values cause an increase in peak inﬂow, because the colder temperatures result in
more precipitation stored as snow during winter and thus more snowmelt in spring/summer. This also
changes the timing of the peak inﬂow, with snowmelt occurring later in the year. Decreases in temperature
greater than 38C result in a reduction in inﬂow, because temperature reaches the point where snowmelt is
induced less often, thus causing the precipitation to be stored in the upper catchment snowpack.
This initial increase and subsequent decline of inﬂow causes the changing failure region of the exposure
space that can be seen in Figure 3, just to the left of the current conditions. With no change in precipitation,
a decrease in temperature ﬁrst causes failure in the ﬂood objective (red dots), due to inﬂow from increased
snow storage. Failure in both objectives occurs next (purple dots), as the additional inﬂows not only causes
additional ﬂooding, but due to the later timing of the inﬂows do not provide sufﬁcient storage for irrigation.
Decreases in temperature greater than 38C only result in irrigation failure, as inﬂow is reduced signiﬁcantly.
4.2. Optimal Adaptive Responses to Each Exposure
By optimizing the operating policies to each exposure, the system would continue performing at a level
equal to or above its current level for a broader range of hydrometeorological states (Figure 4). The measure
of maximum operational adaptive capacity for the system (deﬁned by a discrete form of equation (3)) is
C5 3.23, where the historical operation resulted in 172 successful hydrometeorological states, compared to
555 states after optimization. When considering the multi objective description of performance in Figure 3
and the adaptive capacity in Figure 4, it becomes apparent that the region of climate exposure that the
Figure 3. Multiobjective failure boundary of current operations mapped onto the expo-
sure space, relative to the 1965–1980 baseline.
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system is most capable of
adapting its performance for is
irrigation supply. In these
regions of the exposure space,
warmer temperatures and lower
precipitation reduce inﬂow and
hence reduce ﬂood concerns,
allowing the lake to be operated
at higher levels. The reoptimized
operating policies focus mainly
on storing water in larger vol-
umes and for longer durations.
However, when considering the
adaptation to regions of the
exposure space that cause ﬂood-
ing failure, there are signiﬁcantly
fewer states that can be adapted
to, suggesting that the current
infrastructure is sensitive to
changes in hydrometeorological
states that cause increased
inﬂows. Even under optimized
operating policies, the system
fails for a temperature decrease of more than 38C. This implies that the existing infrastructure’s ability to
respond to changes in ﬂood occurrence and snow storage is limited.
To illustrate the effects of a reoptimized operating policy, Figure 5 compares the lake storage throughout
the ﬁrst year of simulation. One storage trajectory is based on the daily releases of the current lake regula-
tion (blue line) and the other from the daily releases due to optimal operating policy (green line). The differ-
ence in releases due to the two alternative operating policies translates to the different lake storages
through time. Two points in the exposure space were examined, one that caused failure of the historical
system’s operations in the irrigation objective (Figure 5, top) and another that caused failure in the ﬂood
objective (Figure 5, bottom). Both states were on the boundary for adaptation, meaning that they corre-
spond to the most extreme climatic conditions that could be adapted to. These two states were selected to
demonstrate how, at the adaptation boundary, the RBF used to simulate different operating policies
responded to each of the system objectives almost in isolation, as boundary conditions that cause one
objective to be close to failure are actually more favorable for the other objective.
The hydrometeorological state with poor irrigation performance (Figure 5, top) has a lower volume of total
annual precipitation than the historical climate, increasing the need to store excess water. When applying
the historical operating policy to this exposure, the lake releases are too aggressive in spring and summer,
shown by the steep slope and resulting decrease in storage level for the blue line. In addition to this change
in magnitude, there is a large shift of approximately 20 days in the timing of a major release, demonstrating
the ability of the reoptimized policies to satisfy system objectives. Historical releases are also greater than
the optimal release in the ﬁrst 90 days of the simulation, due to more consistent availability of water replen-
ishing supply under the current climate, but such a strategy drains the lake under the drier climate
condition.
The operating policy for a ﬂood sensitive hydrometeorological state (Figure 5, bottom) did not greatly alter
the timing of the major releases. This is because the storage is near empty prior to the major inﬂow, and
lowering the level of the reservoir sooner was not an option. Thus, the resulting effect on the reoptimized
operating policy is that the timing of releases did not have to be managed, but the magnitude of release
did. The quantity of water released after the ﬁrst major inﬂow was increased compared to the current oper-
ation, providing the irrigator objective with enough storage and preventing the second peak inﬂow from
causing as much ﬂooding.
Figure 4. Optimal adaptive capacity of the Lake Como system.
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To understand the potential sys-
tem failure timeframe, the model
projections for four future time sli-
ces were overlaid onto the expo-
sure space (Figure 6). This allows
the proportion of GCM projections
indicating failure of the system
(under both the current and opti-
mized management policies) to
be examined, which is useful in
providing recommendations on
the future management of the
system, and whether infrastruc-
ture upgrades are likely to be an
unavoidable conclusion. Note that
the fraction of scenarios under
which the system performs suc-
cessfully should not be taken as a
proxy for the likelihood of that
event occurring, as the climate
projections are not sampled in
equal fashion, and Table 1 makes
it clear that these projections are
not independent.
The ﬁrst time slice (2025) shows
there is disagreement between
model combinations (i.e., GCM-
RCM) as to the potential future
hydrometeorological state the
system will be exposed to. Slight-
ly more than half (13 out of 22)
of the projections suggest system
‘‘success’’ under current opera-
tion, whereas four indicate complete system failure even with system reoptimization. The remaining ﬁve projec-
tions would lead to system failure under the current operation policies, but potentially could be adapted to.
By the 2050 time slice, an increase in both average temperature and precipitation can be observed relative
to 2025. This shift has moved the projections towards a critical region of the exposure space, with more pro-
jections indicating adaptation would be required. There are in fact four projections that have moved
beyond the bounds of the axes. It should be noted that it is not necessary to have all projections shown on
the exposure space for this study, as they are being used solely as a tool to provide information on system
behavior around failure boundaries shown. Overall, only six projections lie within the ‘success’ region of the
current management policy, with 13 falling into the region where optimized management may be possible,
and three predicting a failure to uphold the chosen level of acceptable performance.
Projections for the next time slice (2075) show the increase in temperature and precipitation has continued,
and the spread of projections has increased dramatically. With projections becoming more varied, it makes
it difﬁcult to use them to provide information on system behavior. The last time slice (2100) has continued
the trend of increasing temperature and precipitation, coupled with an even greater spread of model pro-
jections compared with the previous time interval. Once again, the spread further reduces the ability to
understand how the system will behave in the future, highlighting the need to account for uncertainty
when making decisions this far into the future.
Figure 5. Comparison of alternative management options resulting from the use of cur-
rent and re-optimized operating policies in the ﬁrst year of the evaluation horizon. The
ﬂood sensitive climate corresponds to a 15% increase in precipitation and a 38 increase in
temperature, and the irrigation sensitive climate corresponds to a 10% decrease in precipi-
tation and a 138 increase in temperature.
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Figure 7 summarizes the performance of each model at every projection snapshot. Eight models predict the
system will be under sufﬁcient stress to result in failure in relation to both objectives at one or more of the
future time slices, even under optimized operating conditions. It is important to note that in some cases,
such as for model 4, ‘‘failure’’ at an earlier time period is followed by a return to the adaptation region at a
later date. This highlights the importance of checking system failure at regular time intervals, as only exam-
ining system performance at a later time interval could be misleading, as the system might have already
failed at an earlier point in time. The results in Figure 7 also show that 12 models predict that operational
adaptation will be required at some point in the future in order for the system to remain operational. This
highlights the utility of the framework, as it enables an assessment of the extent to which modiﬁcation of
operation policies can delay potentially costly upgrades to infrastructure. For this case study, only two mod-
els predict a climate that the system will be able to cope with into the future under its current operating
policy, suggesting that a combination of operation policy changes and/or infrastructure upgrades will be
necessary in the future.
Figure 6. Snapshots of climate projections for the next 100 years. Numbering corresponds to GCM-RCM combinations described in Table 1.
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5. Discussion
5.1. Benefit of Identifying the
Upper Limit of Adaptive
Capacity
This paper presents a novel opti-
mization formulation for identify-
ing the theoretical upper limit
to a system’s adaptive capacity
based on optimal modiﬁcation of
its operating policies. However,
practical implementation of the
operating policies found through
optimization, especially those
close to the failure boundary,
needs to be addressed. Deciding
which of the many potential opti-
mal policies to select for imple-
mentation would require knowledge of the hydrometeorological state the system is, and will be, exposed to.
Such information is difﬁcult to obtain due to both the high uncertainty in future climate projections and the dif-
ﬁculty in separating interannual and interdecadal variability from longer-term systematic climate changes in
observed data. This means that, in many cases, it will be challenging to adapt the operating policies to reach the
discovered theoretical upper limit.
However, it is possible to use the proposed approach to identify operating policies that are locally robust to a
large range of possible climate exposures. In the case of Lake Como, operating policies that are optimal for a
speciﬁc point in the exposure space will still yield successful performance in other parts of the exposure space.
This phenomenon is shown in Figure 8, where an operating policy is optimized for temperature remaining
unchanged and precipitation decreasing by 10%. The points enclosed by black circles represent the extent of
hydrometeorological states that can be accommodated by this single management policy. By exploiting
the feedback loop, these policies are adapting operational decisions to the current system conditions they
are exposed to and, consequent-
ly, their performance is accept-
able not only for the single
climate exposure used in the
policy design but is robust for a
range of possible climate expo-
sures. This suggests that precise
knowledge of which climate tra-
jectory is occurring is not neces-
sary to prevent failure. Although
optimized over a single hydro-
meteorological state, the feed-
back control policies can attain
adequate system performance
for neighboring states.
This local robustness discussed
in the previous paragraph is dif-
ferent to the ‘‘climate states’’
deﬁned by decision scaling in
Brown et al. [2012]. While for the
decision scaling approach cli-
mate states are the regions of
the exposure space for which a
particular decision is preferable
Figure 7. Summary of 22 climate projections and their performance over the next
100 years.
Figure 8. Local robustness of operating policies. An operation strategy is optimal for the
yellow state, but still results in successful performance for neighboring states enclosed by
black circles.
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compared with another deci-
sion, here, the locally robust
region of the exposure space
corresponds to the hydromete-
orological states under which a
particular operational strategy
does not result in system failure.
For the case study, this local
robustness is large for regions
of the exposure space where
the timing and magnitude of
inﬂows is similar, which is
shown by both the success sub-
space of the current operation
(Figure 3) and the operation
strategy presented in Figure 8.
However, the local robustness
of a solution is signiﬁcantly less
near failure boundaries, as the
operation strategies that are
found speciﬁcally for these
extreme climates are less appli-
cable to nearby climate states.
This is a key difference between
other bottom-up approaches that focus on ﬁnding solutions that are robust to multiple climate states, like
multiobjective robust decision making [Kasprzyk et al., 2013]. Such approaches could ﬁnd operating strate-
gies that are successful for a wider range of hydrometeorological states, but doing so would sacriﬁce the
optimality necessary to identify the theoretical upper limit to adaptive capacity [Dittrich et al., 2016].
In addition, the local robustness of a solution found using the proposed approach is enough to identify a
set of operating policies that can accommodate both the current climate and the most severe set of climate
model projections. For the Lake Como case study, by optimizing the system to an 18% precipitation
increase and a 48C temperature increase, it is possible to cater to a large majority of the projected climate
conditions for the next 40 years (Figure 9). Note that while this is referred to as a suggested operation, it is
used only to demonstrate the robustness of solutions, and due to simpliﬁcations in the case study would
not be implemented in the actual Lake Como system. There is a large amount of uncertainty in the climate
projections shown below, and given many are close to the failure boundary, there is a good possibility that
the system would experience failure. However, the selected operating policy does result in ‘‘successful’’ per-
formance for hydrometeorological states changing from current conditions and encompasses a large num-
ber of climate model projections. This means that for such an operating policy, the full beneﬁt from the
existing system could be obtained.
The inherent local robustness of each optimal solution allows decision makers to accommodate some level
of climate uncertainty when determining which management policy they should implement in the future.
However, what this robustness also shows is that, in the event where climate conditions were to change to
those of the bottom right portion of the exposure space, one management decision would not be sufﬁcient
to maintain satisfactory system performance. This suggests that focus on adaptive operating rules, with
changes in management based on updated climate information, is the only way to ensure maximum bene-
ﬁt is derived from existing infrastructure in the face of uncertain climate change.
Finally, implementing the proposed framework provides information that informs existing methods of
sequential decision making under deep uncertainty [Haasnoot et al., 2013; Beh et al., 2015b] as an upper
bound on operational adaptive capacity can be used to determine when adaption options through changes
in management are no longer available. Additionally, the superposition of GCM projections (Figure 6) offers
insights about the time evolution of the system, including the ‘‘sell-by-dates’’ of given operating policies
that must then be adapted to (or combined with other infrastructural actions) in order to maintain
Figure 9. Suggested operation for climate projections from now until 2050. The black out-
lined states show successful performance under operation identiﬁed for the yellow state.
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acceptable system performance [Haasnoot et al., 2013; Guillaume et al., 2016]. For example, a possible adap-
tive policy pathway for the Lake Como case study may consist of implementing the operation shown in
Figure 9, until around 2050 when infrastructure upgrades are implemented. It should be noted that the use
of optimal operational strategies in sequential decision making depends on the local robustness of the solu-
tions. For the simpliﬁed Lake Como case study these regions were quite large, but this will change depend-
ing on the physical system and operation mechanisms in place. Also a factor is the method used to
generate the exposure space, and as this study used perturbation techniques it is possible that stochastic
generation of exposure points will see different behavior for the same system.
5.2. Ability of the Proposed Framework to Identify an Upper Limit
Finding the absolute limit of the adaptive capacity of a system relies on (i) the accurate modeling of stake-
holders’ demands to identify system failure criteria; (ii) appropriate representation of system exposure; and
(iii) the structure and constraints of the operating policy used in the optimization process.
The usefulness of the exposure space depends greatly on the performance of the hydrological model as it
converts scaled hydrometeorological variables to runoff. Any error and uncertainty in the simulation should
be considered when examining the boundaries that represent the difference between success and failure.
Additionally, in this case study, both the physical system model and the stakeholders’ demands have been
held cyclo-stationary throughout the modelling of different climate exposures. While this is a reasonable
assumption for the physical model of the lake as the study is for the existing unchanged infrastructure, it is
not a reasonable assumption for the downstream stakeholders’ demands, which are likely to change under
different climate exposures. In the case of Lake Como, where farmers are a major water user, the water
demand may change substantially if climate change was to alter crop types in the area. This assumption is
not a limitation of the proposed framework; however, it is a limitation on this case study, as it affects the
practical implementation of any results. If a relationship between demand and hydrometeorological states
could be described, a nonstationary system model could be applied within this framework to obtain more
realistic information about how the system behaves in the vicinity of the threshold for adaptation. One of
the beneﬁts of generating an exposure space is that it readily allows for dynamic failure criteria to be incor-
porated, as the performance at each hydrometeorological state is recorded, so that thresholds can be re-
adjusted if the acceptable performance levels change with exposure.
In this study, the failure of the Lake Como system was deﬁned with respect to two hydrometeorological var-
iables, mean annual temperature and annual precipitation volume. To accurately capture adaptive capacity,
the failure boundary identiﬁed must be the ﬁrst instance of failure the system experiences. In other words,
the variables used to generate the exposure space must have the greatest impact on performance. A sensi-
tivity analysis of the inputs to the hydrological model is recommended to identify what these variables
might be. As a result, it may be necessary to represent exposure with three or more variables in order to
identify adaptive capacity. While the proposed approach and optimization formulation can be implemented
in higher dimensions, the ability to identify the failure boundary accurately also depends on the resolution
used to create the exposure space, as mentioned previously. Increasing the number of variables considered
will only compound an already large computational effort required to optimize for each hydrometeorologi-
cal state. As a result, signiﬁcant reductions in resolution of the exposure space may be required, although
advanced sampling methods could be used to ensure good coverage of the higher dimensional exposure
space.
The location of the failure boundary of the optimized system is also dependent on the structure and ﬂexibil-
ity of the operating policy model used (e.g., the RBF policy parameterization for the Lake Como case study).
The decision model must not be constricted in terms of ﬂexibility in release, and must be capable of chang-
ing releases in response to extreme climates. As demonstrated in Figure 8, the inherent robustness of an
optimal solution found by the RBF model in this case allows for a measure of uncertainty in the knowledge
of the future climate exposure when determining which management alternative should be implemented.
This supports the evidence that the policies identiﬁed using the RBF model represent reservoir decisions
well [Giuliani et al., 2014b, 2015], but for other water resource systems, alternative models may be more
appropriate. Where possible, the model chosen should not overcalibrate to a particular hydrometeorologi-
cal state, and provide robustness across neighboring states in the same manner as the RBFs, to reduce the
reliance on exact knowledge of the climate state should a decision be implemented.
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6. Conclusion
The approach presented in this paper identiﬁes the maximum operational adaptive capacity of water
resource systems with respect to future hydrometeorological states. The approach uses formal optimization
techniques to identify the optimal response to a future exposure, and allows for dynamic management that
updates optimal operating policies as the climate changes. When applied to the Lake Como case study it
ﬁrst deﬁned a failure boundary of the system under current system operations, and then, by using policies
optimized for future hydrometeorological states, identiﬁed the upper limit of system performance.
It was found that by modifying the operating policies, the Lake Como system can adapt to more than three
times as many hydrometeorological states than it would under the current operating policies. While the sol-
utions were generated for a simpliﬁed case study and are not designed for the actual Lake Como system,
they illustrate the utility of the proposed approach. A key outcome of this study is that the generation of an
exposure space provides an informative context for further system performance and climate impact analy-
sis. It demonstrates that when searching for optimal management alternatives, a single operating policy, no
matter how robust, does not provide a system with an adaptive capacity as large as an ensemble of operat-
ing policies that update as the climate changes. By modifying the current system operations to account for
a changing climate, it is hoped that the life of existing water resources systems can be extended, thereby
reducing the need for expensive and disruptive physical modiﬁcations to water infrastructure.
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